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Metamodel Selection and
Hyperparameter Tuning for Hybrid
Optimisation with a Quantum-Inspired
Evolutionary Algorithm in Multiple Drop
Test Simulation
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Computational Mechanics and Engineering, Gliwice, Poland
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This study introduces a hybrid optimization framework for the multi-drop testing of a
lithium-ion battery enclosure. The framework integrates a Quantum-Inspired Evolutionary
Algorithm (QEA) with surrogate modeling techniques. The contribution of the present study lies
in metamodel selection, hyperparameter tuning, and the evaluation of two hybrid integration
strategies built on a previously published QEA framework. Three types of metamodels were
applied—Artificial Neural Networks (ANN), Kriging, and Polynomial Regression (PNR)—using
datasets generated via Latin Hypercube Sampling and from prior QEA iterations. The
hyperparameters tuning methods are the main part of the paper. Two fitness functions were
analyzed, including a logarithmically scaled variant designed to compress the output range for
damaged cases and enhance classification accuracy near the damage/no-damage boundary. A
dual-model strategy was employed for ANN with model switching determined by a plastic strain
threshold. Across the tested datasets, ANN frequently identified low-objective individuals,
while PNR occasionally exhibited instability.Two hybrid schemes were implemented: HYBRID1
yielded the lowest objective valuesin the reported runs, whereas HYBRID2 reduced runtime and
showed a steadier optimisation course, at a slight cost to the best obtained objective value.
Within the analyzed QEA-based workflow, the combination of QEA, ANN, and the FF2 objective
function reduced FEM computational time by an order of magnitude while maintaining decision-
making effectiveness. These results support the proposed hybridization as a practical
improvement of the existing QEA workflow for the studied multi-drop test problem.

Keywords: surrogate modeling; metamodel selection; hyperparameter tuning; artificial neural
network; Kriging; polynomial regression; quantum-inspired evolutionary algorithm; multiple
drop test; battery housing.
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1. Introduction

Nowadays, highly computational tasks occur in ordinary engineering routines in industry. The
standard approach to perform analysis using only Finite Element Method (FEM) and
optimisation techniques, particularly in the optimisation process, is no longer sufficient. It is
becoming increasingly popular to combine other techniques to improve efficiency and reduce
computational costs [1-6]. Optimisation-based methods have already been successfully
applied to various engineering problems, including structural, which further motivates the
development of more efficient optimisation workflows [7-9]. In recent years, artificial
intelligence (Al) tools have started to be implemented even in commercial industrial software
such as the 3D Experience Platform [10], Ansys [11], and Altair [12]. However, these tools
cannot address all existing industrial needs. Certain cases and tasks still require not general but
specific, individual approach mostly based on existing tools but with addition of new scripts,
interfaces or approaches to problem solution [13]. In addition to parametric optimisation tools
that are already implemented, there remains the potential to reduce computational costs
(defined as wall time of computations) by predicting objective function values based on a
previously computed cases stored in databases or/and supported by metamodels. Such
surrogate-based strategies have been shown to effectively accelerate repetitive simulations by
replacing full high-fidelity models with appropriately trained reduced-order or metamodel
representations [14, 15].

An example of such a problem is the optimisation of a battery housing - part exposed to
multiple drop tests according to standard code[16]. Many devices used in industry but also
home appliances, are at risk of dropping, prompting industry to conduct tests to ensure the
intended and reliable safety performance. Devices subject to multiple drops include battery-
powered tools, such as electronic equipment or garden tools. It is also important to note that
batteries present an elevated level of fire and/or explosion risks. FEM tools currently offer full
capabilities to perform drop test simulations and can be extended due to open APIs and
scripting support. The automation of multiple drop test loops, and customized optimization
tools [16] allow the solution of the optimisation process. The computational costs is high and it
is important to reduce it to be possible to apply these methods in daily engineering tasks in
industry.

The authors propose method based on currently published works and improved approach
allowing significantly reduce computations time is proposed. To shorten computational times,
the authors propose supporting the optimisation with metamodeling techniques, including
Artificial Neural Networks (ANNs), the Kriging method, and Polynomial Regression (PNR). The
All of these metamodeling techniques were compared and evaluated for prediction efficiency.
Ultimately, the paper evaluates surrogate-assisted extensions of the previously established
QEA workflow and compares two QEA-based hybrid approaches.

To provide a clear structure of this work, Section 2 describes in detail the problem
formulation, objective functions, database preparation using Latin Hypercube Sampling (LHS)



and QEA approaches, prediction strategies, hyperparameter tuning procedures, and the
implementation of the two proposed hybrid strategies (HYBRID1 and HYBRID2). Section 3
presents a numerical example of a battery housing drop-test model, along with database
structures of various sizes and the process of tuning ANN, Kriging, and Polynomial Regression
metamodels. The optimisation processes based on predictions from different metamodels are
compared, and the most suitable metamodel is selected for the final implementation in the
HYBRID optimisation approach. The results of the optimisation with the ANN metamodel are
presented and summarized in Section 4. It should be noted that the primary goal of this study is
to investigate the behaviour and efficiency of hybrid optimisation strategies combined with
different metamodeling techniques within a computationally demanding problem. Therefore, a
single, well-defined engineering case was selected to enable a controlled and detailed analysis.
The generalisation of the proposed approach to other classes of problems is considered as a
direction for future work.

2. Materials and Methods

2.1. Optimization problem formulation

We consider a part that is exposed to a multiple drop test scenario. The multiple drop
testis an experimental procedure involving repeated, controlled drops of a tested object from a
specified height onto a defined surface to evaluate its mechanical resistance and durability.
Between successive drops, the orientation of the object s altered to reproduce various possible
real-world impact scenarios (e.g., corner, edge, or flat-surface impact) (Figure 1). The number of
drops, drop height, and type of impact surface are defined according to relevant standards or
design specifications. This method enables the assessment of structural degradation due to
repeated impact loads and, for critical components such as battery modules, allows verification
of operational safety. In this example, we analyze the housing of a lithium-ion battery. Similar, as
shown in the paper, approach can be used for elements and constructions under dynamic load.

Figure 1. Object subjected to multidrop test.



The aim of the optimisation in this case is to design a structure that, when exposed to the
multiple drop test, accumulate as low as possible damage effect. The following objective
function was formulated:

mpin]o (P) (1D

we looked for the values of the design vector P, for which the function J,(P) reaches its
minimum value. Design vector P was defined as:

P:[Pl,Pz,...,Pn] (2)
and the following constraints were given:
C= {P Vi € {1, ...,n}Pimm < Pi < Pimax} (3)

Where P;,in, and Py, 4, @re minimum and maximum values of i-th design variable. In the present
study, the optimisation problem was intentionally formulated as damage minimisation within a
fixed feasible design window. No explicit mass-related term was introduced, because the aim
was to assess the behaviour of the surrogate-assisted QEA workflow for a previously bounded
engineering design space. In the considered application, the housing mass itself was not treated
as a critical design driver, while structural integrity under repeated drops remained the primary
criterion.

Two objective (fitness) functions were used and compared. The first one, called FF1, is defined

as follows:
Jo (P) — Vdel(P) + Ep_max(P) (4‘)
and the second, FF2:
P) = Epjnax(P): if Vdel(P) =0 5
Jo(P) {a Nog(Vy(P) + D)+ b,  if Vyu(P) =0 >)

where a and b are coefficients are introduced later during the parameter selection step (section
3.1) for uniform distribution of fitness function values and V,,; (P) is volume of destroyed finite
elements due to damage, sp_max(P) is maximum equivalent plastic strain in structure during
tests. FF1 defined by equation (4) is an objective function in which the optimisation goal is
defined as the algebraic sum of the volume of deleted elements V,;,; (P) and maximum plastic
strain ap_max(P). In this case, the range of the objective function values is expected to be
relatively high when the number of removed due to damage elements is high and very low for
case with low number of damaged elements. For this reason, it was proposed to use objective
function FF2, described by (5), where a lower range of objective function values is expected due
to the logarithmic function for component depending on volume of damaged elements.

The objective function values were obtained from an explicit FEM model of the battery housing
subjected to the prescribed sequence of drop events. The model was parameterised by the



design vector P, and for each candidate design the same multi-drop loading scenario was
simulated. Each objective-function evaluation corresponded to the full prescribed drop
sequence for a given design. The structural state after each impact was transferred to the
subsequent drop, and the reported values were extracted after completion of the entire
sequence. The quantities extracted from the FEM analysis were the maximum equivalent plastic
strain &, max (P)and the deleted-element volume V4, (P), which were then used to calculate
the fitness functions FF1 and FF2. Damage was represented by damage initiation followed by
damage evolution with stiffness degradation and element deletion. The FEM calculations were
embedded in an automated script that evaluated consecutive design vectors and collected the
quantities required for the objective function, as shown in Figure 2.
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Figure 2. Scheme for obtaining objective function value results from FEM.

Cumulative damage is defined as a combination of the plastic strain calculated in Abaqus
£y max(P) and the volume of deleted elements V., (P). The deleted volume is calculated on
the base of sum of all removed elements (when regular mesh is used). During FEM analysis,
elements are removed from the model on the base of the damage initiation model [17] and the
constitutive model of damage evolution. After the onset of damage, determined on the damage
initiation model, the damage evolution process begins to reduce the stiffness of the element.
Once the element loses stiffness, it is removed from the further steps of simulation.

2.2 Database of solutions and design of experiment

The results of multiple analyses mentioned above are collected in database. Each row
contains the values of the vector P, and the following columns contain analysis results such as
the number of deleted elements, the volume of deleted elements, and the maximum equivalent
plastic strain. For comparison purposes, two types of databases were evaluated. The first one



is based on design vector obtained with use of design of experiments (DOE) techniques. In the
case all designs vectors were generated using Latin Hypercube Sampling (LHS) [18] with the
CenteredMaxMin option. The LHS method with the centered-maximin criterion combines two
strategies to improve the quality of sample distribution. Each sample is placed at the center of
its stratified interval (centered), ensuring uniform coverage along individual dimensions.
Simultaneously, the configuration is optimized to maximize the minimum Euclidean distance
between any pair of points (maximin), which improves the overall space-filling properties. This
approach results in well-distributed, low-correlation sampling designs, which are particularly
suitable for surrogate modelling and design of experiments in high-dimensional spaces [19].

The few databases were created. The full, largest database was generated and several
smaller databases were created to compare prediction quality of metamodels. The design
vectors in all databases were generated separately. To avoid high computational costs, points
from each smaller databases corresponding to the nearest points in the larger dataset were
identified. These selected points were then transferred to a new, smaller dataset, as shown in
Figure 3.

Visualization of Samples and Closest Points

Existing Data . ., - .
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Figure 3. Selecting the closest points from the smaller database into the full database.

It is important to note that the distance between points does not have to be calculated in real
(three-dimensional) space. The distance can be computed using (6), even in a higher-
dimensional space beyond the physical domain. This was done by applying the Euclidean
distance between points in an n-dimensional space.

(6)




where a; and b; is value of variables for two different points and m is number od dimension. This
approach enabled a significant reduction of computational time while maintaining a uniform
distribution of the samples.

Another database was based on design vectors selected from previous runs of optimisation
using QEA [16]. Previously collected data from multiple runs of the optimisation task provided a
sufficient amount of data. The data in this database are not as evenly distributed as in the case
of the LHS method. However, the advantage of this approach is that the database contains
individuals that may be close to the global minimum.

2.3 Metamodels for objective function prediction

The determination coefficient R? was selected for assessing the prediction efficiency.
Although it does not guarantee that the model with the highest R? provides the most accurate
prediction, this metricis useful to compare different metamodels [20-23]. When combined with
validation loss and training loss, it offers a good indication of whether the function is well-fitted
to the data. Hyperparameter tuning tools for ANN, such as Optuna [24], help avoid overfitting by
stopping the training process when the validation loss becomes greater than the training loss.
This approach serves as a reliable indicator. Prediction efficiency and the R?coefficient depend
heavily on the input data. Itis well known that data must be carefully prepared before being used
in metamodeling. Several preprocessing techniques are applied to improve the quality of input
data, such as normalisation, scaling, and outlier removal. Metamodels generally perform better
when the input data are more uniformly distributed. In this case, the dataset showed a tendency
to produce a high number of results without any damage, which led to a non-uniform distribution
in the results database. Optimisation based on a model trained on such data may result in high
prediction errors. In this study, the primary focus is on the design space where no damage is
observed. Therefore, it was essential to allocate more attention and achieve higher prediction
accuracy within this specific region [25, 26]. Two types of databases were used to store the data:
the first one (full) containing the full range of objective function values, while the second
database (no damage) included only design vectors for which no damage occurred (no elements
were deleted during FEM simulations). The model selection logic is presented in Figure 4.
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Figure 4. Model selection logic.

When the predicted damage exceeds the threshold of the maximum possible plastic strain, the
metamodel returns a prediction based on the model trained on the full database. Otherwise, if
the value of the fitness function indicates that no damage occurred in the model, the prediction
is made using the database that contains only undamaged individuals. It allows to obtain good
predictions in design space which is the most interesting prom point of view of this problem, and
obtain good overall view, while using Full database.

2.4 Metamodels and hyperparameters tuning

The ANN, Kriging method and Polynomial Regression were used in the paper. As artificial neural
networks (ANNs) have become more widespread in various industrial fields, new tools for
hyperparameter optimisation have been developed in recent years [27]. The popular ANN
hyperparameter tuning methods are Grid Search and Random Search [28]. The Grid Search
method allows for an exhaustive search through all configurations, but it is computationally
inefficient. The Random Search method is less accurate, as it carries the risk of missing the
optimal configuration but has lower computational costs. ANN has a large number of
hyperparameters that must be tuned. The following activation functions were considered :
RelLU, tanh, sigmoid, softmax, softplus, softsign, SELU, ELU, exponential, linear, and swish.
Regularisation were applied to the dataset, along with techniques such as neuron dropout. The
dropout rate was treated as a tunable parameter that controls the fraction of neurons randomly
"dropped out" (set to zero) during each training iteration. Next, the number of hidden layers can
be defined. Once the number of layers is set, it is important to tune the number of neurons in
each hidden layer. The objective is to achieve the highest possible R? value while minimizing the
training time.

To construct the Kriging metamodel, it was essential to select the type of variogram function
(variogram model). This function describes how the variance changes with the spatial distance



between samples. Five standard models were evaluated: linear, power, Gaussian, spherical,
and exponential. In cases involving a small number of variables, a Grid Search approach was
used to explore all possible configurations [29].

When constructing a metamodel based on Polynomial Regression (PNR), a key aspect
of hyperparameter tuning is selecting the appropriate order (degree) of the polynomial. A
polynomial degree that is too low may result in underfitting, where the model fails to capture
important trends in the data [30, 31]. On the contrary, an excessively high degree increases the
risk of overfitting and introduces unnecessary computational complexity. In practice, the
optimal degree is typically determined using cross-validation or a dedicated validation dataset.
Popular hyperparameter tuning methods for polynomial regression include Grid Search and
Random Search. However, when faced with a large number of possible configurations, more
advanced strategies, such as Bayesian optimisation, can be advantageous, as they allow for a
more efficientidentification of promising parameter sets. In practice, the tuning process involves
iteratively testing models with different polynomial degrees and regularization parameters, and
then selecting the solution that provides the best results (for example, the highest coefficient of
determination R? with the lowest validation error). Due to quite small database base and small
number of variables, Gridsearch technique was used, after checking every degree of PNR. To
determine the most reliable polynomial regression model, a custom ranking criterion was
introduced instead of simply selecting the configuration with the highest test R®. For each
trained model (defined by a specific polynomial degree and data split), three performance
metrics were computed: R on the training set (R>_train), validation set (R*_val), and test set
(R®_test). The final selection was based on a composite score, defined as the mean of the three
R? values, penalized by their pairwise absolute differences. Mathematically, the score for each
model was computed as follows:

thrain + R\%al + thest

score = 3 - |Rt2rain - R\?al - |R\$al - thestl (7)

This approach prioritizes models that not only achieve high predictive performance, but also
maintain consistency across all data subsets, reducing the risk of overfitting or poor
generalization. The configuration with the highest score was then selected as the final model for
each dataset variant (i.e., full and no-damage). This ensures that the chosen polynomial degree
is both accurate and robust with respect to unseen data.

2.5 QEA optimisation with metamodels

The QEA used in this study is the previously published algorithm described in [16]; the present
work focuses on metamodel selection, hyperparameter tuning, and the evaluation of hybrid
strategies for embedding surrogate predictions into that workflow. Running optimisation based
only on previously generated databases and static metamodel predictions may not reflect a
viable engineering solution. However, such approach was used for testing purposes. Solving the



task exclusively using QEA and evaluating the fitness function with finite element method (FEM)
calculations leads to excessively long computational times. Previous studies have shown that a
single optimisation run, without metamodels, may require up to 40 hours, and repeating the
process at least four times results in a total computation time of approximately 150 hours
(sometimes it should be repeated more times but the time consumption is too high). To reduce
the computational cost, a hybrid approach is proposed. In the context of the previously
developed QEA workflow, a practical extension is to generate the database dynamically during
the optimisation process and use a metamodel to accelerate objective (fitness) function
evaluation.

Two strategies are proposed, each with two phases. In phase A, the objective (fitness) function
is calculated only using FEM. In phase B, the process is supported by metamodel predictions
based on the data collected in the first phase. This flowchart of the algorithm is shown in Figure
5.
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Figure 5. Flowchart of the HYBRID algorithm.

Two different HYBRID approaches will be tested. The first approach, called HYBRID1, is based
on the logic that, in each iteration of phase B, all objective (fitness) function evaluations are
performed using the metamodel. The best result is then recalculated using FEM. The obtained
value is used to update database. The ANN in next steps is trained including new solutions.
Scheme in Figure 6 shows workflow of HYBRID 1.
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Figure 6. Scheme of HYBRID 1approach in the phase B.

In contrary to HYBRID1,in the HYBRID2 approach, obligatory FEM calculations were omitted in
every optimisation iteration. If the best individual in a generation had already been evaluated
using FEM, its result was retrieved from the database. With each new step, fewer predictions
were saved, until eventually none were written. Furthermore, the network was not retrained in
every iteration, just in case where at least two new individuals were added to database. If no
new individuals were introduced, the prediction model remained unchanged. This approach



allows to obtain more steady results, but in case of new entries, metamodel is recreated again.
This approach is presented in Figure 7.
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Figure 7. Scheme of the HYBRID2 approach in the Phase B.

3. Numerical example description

To evaluate the approach proposed in this article, a conceptual battery design was created,
defined by a design parameters vector P consisting of three parameters. The values of
parameters are constrained in the range from 1mm up to 3mm. This range was selected based
on practical wall-thickness limits for the considered injection-moulded housing concept. In the
analysed application, the housing mass itself was not treated as the primary design driver, while
manufacturability and impact resistance were treated as the main constraints. The geometry of
the structure is shown in Figure 8a. This case was intentionally selected as a representative and
computationally demanding problem, allowing for systematic comparison of different
metamodeling techniques, datasets, and optimisation strategies within a consistent framework.
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Figure 8. a) Geometry of the battery housing, b) the cells point-mass locations.

On the basis of this design, a finite element method (FEM) numerical model was developed.
The housing was discretized with approximately 64,000 eight-node linear solid elements, using
an average element size of 0.4 mm and at least four elements through the wall thickness. The
battery cells were represented by 0.07 kg inertia points coupled to the housing. The inertia points
were connected to the housing by a multi-node constraint, while all degrees of freedom of the
analytical rigid surface were fixed. The drop event was modelled as impact against a fully fixed
analytical rigid surface, with the initial velocity prescribed normal to that surface. The enclosure
material was represented by a homogenized isotropic PA6-GF30 model with Young’s modulus
of 9.1 GPa, Poisson’s ratio of 0.34, and density of 1350 kg/m3, combined with von Mises
plasticity, bilinear hardening, and a triaxiality-dependent ductile damage initiation model. The
highest plastic equivalent strain value in this material was determined as 1.014. The
metamodels “full” and “no damage” uses this threshold as the switching criterion. The drop
sequence included two drops in the same direction, corresponding to the two free-fall
velocities: 10.3 m/s and 16.5 m/s. Further implementation details are given in [16].

The hyperparameters of the metamodels were trained on the base of the FEM results
obtained for above problem. After performing calculations for 5000 samples generated using
LHS, the LHS5000 database was created. The distribution of the results in database is shown in
Figure 9, where P1 ,P2 and P3 are parameters and Del_El_Volume is V,,;(P) and PEEQ is

€p_max (P) .
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Figure 9. Review of the LHS database.

As was mentioned in previous chapter, also smaller databases was crated LHS2500, LHS 1225,
LHS 625, LHS312, LHS156 with 2500,1225,625,312 and156 samples.

The data obtained from multiple runs of the optimization task described in [16] were merged into
a single database. The combined dataset was then randomly sorted and divided into smaller
subsets. The QEA based databases included the following subsets: QEA1687, QEA625,
QEA312, and QEA156. The largest database (QEA71687) is shown in Figure 10.
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3.1 ANN tuning of hyperparameters.

To establish a universal configuration applicable to all databases, the LHS5000 database
was selected due to its uniform distribution and the largest number of samples, providing a solid
foundation for hyperparameter optimisation. For hyperparameter tuning, objective function FF1
(4) was used. Regularization was applied during HPO, and a dropout rate of 20% was used to
randomly deactivate neurons in order to prevent overfitting. The Adam [32] optimisation
algorithm was used. The initial configuration consisted of a two-layer artificial neural network
(ANN) with 30 neurons in each hidden layer. The maximum number of training epochs was set
at 1000, with an early stopping mechanism triggered if no improvement in validation loss was
observed within 50 consecutive epochs. The data were standardized using a standard scaler
and divided into three sets: training data — 80%, validation data — 10%, and test data— 10%. The
optimisation process included 500 trials. Since Optuna adaptively allocates trials to promising
regions of the search space, the number of evaluations assigned to individual activation
functions was not balanced. Therefore, the results reported in Table 1 should be interpreted as
a descriptive summary of the hyperparameter search process rather than as a controlled
comparison with equal evaluation budgets for each activation function. The results of this study
are presented in Figure 11 and Table 1.
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Table 1. Descriptive summary of activation-function results obtained during the Optuna search.

Activation Function | Trials R? std. dev. R® Average time [s]
ReLU 347 0.8155 0.0032 64.46
Sigmoid 15 0.8135 0.0022 135.32
Swish 15 0.8108 0.0053 113.73
Softplus 15 0.8014 0.0063 119.53
ELU 16 0.7924 0.0063 82.22
Tanh 16 0.7821 0.0071 109.87
Leaky ReLU 16 0.7758 0.0085 91.34
Softmax 15 0.6212 0.0124 159.34
Linear 15 0.3628 0.0093 18.69
Hard Sigmoid 15 0.3415 0.0152 22.41
Exponential 15 0.2894 0.0185 31.57

In the performed Optuna search, ReLU was associated with the highest average R?, the lowest
standard deviation, and a relatively short computation time among the frequently selected
configurations. However, because the search budget was allocated adaptively and unequally



across activation functions, these results should be treated as a descriptive outcome of the
hyperparameter optimisation procedure rather than as a strictly controlled comparison. For this
reason, ReLU was adopted in the subsequent experiments as the most promising activation
function identified within the performed search. Using the activation function identified in the
previous study, a new experiment was conducted to investigate the simultaneous effect of the
number of layers (ranging from 1 to 4) and the number of neurons (ranging from 2 to 100). A total
of 100 tests were performed. The results are presented in the following graph. The findings
indicate that these hyperparameters have a minimal impact on both prediction accuracy and
computational time. Networks with a single hidden layer required significantly more
computation time. Networks with three or four layers performed faster and delivered better
results, but were less stable and occasionally produced low quality predictions, as illustrated in
Figure 12.

Distribution of determination coefficient in domain of number of layers with average calculation time
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Figure 12. Results from various hidden layers neurons calculation time.

Since there was no significant difference in average training time and the model remained stable,
subsequent tests used networks with two hidden layers. To determine the optimal number of
neurons in each layer, the grid search method was applied. This method evaluates all possible
combinations and enables the visualization of R* values using a heat map. The results are shown
in Figure 13.



Heatmap of average determination coefficient results
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Figure 13. Heat map of the coefficient of determination for various quantity of neurons in layers.

To evaluate the impact of different validation sets on training time and model prediction
accuracy, an experiment was conducted using five distinct initialization of the validation, test,
and training datasets. These datasets remained consistent within each individual test, but varied
between repetitions within the same test configuration. In total, 1800 neural network training
sessions were performed. The results are illustrated in Figure 13 and Figure 14.
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Figure 14. Heat map of time calculation for various number of neurons in layers.

For the subsequent tests, it was decided that a configuration with at least 50 neurons in each
layer would ensure stability and maintain a short computation time. An example of learning
curves for FF1 is shown in Figure 15.
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Figure 15. Learning curves for the Fitness Function 1.

The parameters of objective function FF2 (5) were adjusted by settinga = 0.3194 and b =
1.014, so that the function equals 1.014 at zero volume, which corresponds to the maximum
plastic deformation &, yqx (P) value which can be obtained for this kind of material. At the



maximum volume of approximately 500 mm?, the function approaches a value of about 3.
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Figure 16. Selection of parameters for FF2, to obtain a compact distribution of results.
Predicted vs actual Values graph shows that the values have a smaller spread what is visible in
Figure 17.
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Figure 17. Learning curves of the Fitness Function2.

Both learning curves show that it exist problematic area between results with damage and no
damage to prediction. Therefore it was decided to use separate ANN for prediction from “full”
model and “no damage” database.

Results of training with separated ANN model on both “full” and “no damage” with comparison
for FF1 and FF2 is shown in Figure 18.
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Figure 18. An example of the learning curves of “full” (a) and b)) and “no damage” models (c) and

d)).

The next step was to determine whether different datasets, such as QEA and smaller LHS
subsets, would yield similar and good results. The following table presents a set of results
obtained from training the artificial neural network (ANN) five times on each dataset. The
average values were recorded in Table 2.

Table 2. R? for different Fitness Functions and sizes of databases.

ANN with FF1 based on database LHS

Database R2 Val Loss Train Loss
No No No
LHS Ful damage Full damage Full damage
LHS5000 | 0.8311542 | 0.7491974 | 426.7850708 | 0.0022338 | 452.4532778 | 0.0021394
LHS2500 0.824483 0.765545 445.712219 0.002176 377.840295 0.002113
LHS1250 0.837276 0.740888 455.713214 0.002262 527.78225 0.002236
LHS625 0.757262 0.568795 813.327331 0.003634 | 1092.683227 | 0.004399
LHS312 0.826518 0.625481 583.259711 0.003101 660.375433 0.005706
LHS156 0.635194 | -0.607225 731.145435 0.011335 | 1519.446338 | 0.013695
ANN with FF2 based on database LHS
Database R? Val Loss Train Loss
LHS Full da:(;ge Ful No damage Full No damage
LHS5000 0.779647 0.756274 0.113400 0.002171 0.109448 0.002031




LHS2500 0.753563 0.763015 0.127057 0.002203 0.128848 0.002258
LHS1250 0.733327 0.729156 0.135273 0.002366 0.140219 0.002363
LHS 625 0.705947 0.587907 0.157150 0.003478 0.170239 0.004043
LHS 312 0.733171 0.328765 0.141381 0.005361 0.158526 0.009317
LHS156 0.641887 -1.0251 0.173655 0.013695 0.141143 0.016411
ANN with FF1 based on database QEA
Database R? Val Loss Train Loss
QEA Full da:(;ge Full No damage Full No damage
QEA1687 0.748013 0.832073 | 197.507169 | 0.001692 255.213092 0.002015
QEA625 0.517468 0.847087 | 285.901752 | 0.001646 139.069743 0.001530
QEA312 0.519403 0.866713 | 126.929550 | 0.001416 166.399509 0.001367
QEA156 0.327259 0.460945 | 70.565874 0.006220 96.116487 0.006020
ANN with FF2 based on database QEA
Database R? Val Loss Train Loss
QFA Full dar’:‘f;ge Full No damage Full No damage
QEA1687 0.750640 0.860533 0.115640 0.001528 0.117122 0.001543
QEA625 0.756393 0.830961 0.115566 0.001924 0.133548 0.002240
QEA312 0.663904 0.776071 0.163220 0.002354 0.181552 0.002585
QEA156 0.629303 0.245422 0.206355 0.008436 0.131287 0.007253

The differences between the fithess functions appear to be relatively small; however, FF2
demonstrated higher R?values in the smaller datasets, which is particularly noteworthy in this
context. Therefore, subsequent tests were conducted using FF2.

After the hyperparameter tuning process was completed, the next step was to apply this
knowledge to assess prediction performance. The study involved two primary computational
tasks:

- optimisation using the full input set, which consisted of 5,000 individuals generated via Latin
Hypercube Sampling (LHS), and,

- evaluation of the prediction model's performance using only the data obtained from the QEA
process, which included 1,687 individuals.

Table 3 presents the results of 16 separate optimisation tests. These tests were carried out for
four different prediction models. Each model was checked four times using the QEA algorithm.
The aim of the analysis was to examine the variability of the results across repetitions of the
same model.

Table 3. ANN Prediction vs FEM results.

QEA FF2 —based on LHS5000
Model [R?] Trial Result Individual FEM Result
Full= 0.792 1 0.439186 2.375,2.9375,2.4375 0.44241
2
ND=0.78 3 0.435265 2.8125,2.9375,2.625 0.44878




4 0.439186 2.375,2.9375,2.4375 0.44241
Full=0.7847 ;
3 0.461702 2.9375,2.9375,2.5 0.46484
ND=0.771
4
1
Full=0.7844 5
3 0.45215 2.25,2.9375,2.5 0.445811
NDD=0.754
4
1
Full=0.7820 5
3 0.431665 2.9375,2.9375,2.5 0.46484
ND=0.751
4
QEAFF2 based on QEA71687
F=0.7213 ;
3 0.437105 2.75,2.9375,2.4375 0.41423
ND=0.8713
4
1
F=0.7140 5 0.439528 2.6875,2.9375,2.4375 0.411295
ND=0.8761 3 0.439374 2.5625,2.9375,2.5 0.42695
4 0.438613 2.625,2.9375,2.4375 0.42717
F=0.7260 ;
3 0.438376 2.75,2.9375,2.5 0.434021
ND=0.8721
4
1
F=0.7396 5
3 0.448706 2.6875,2.9375,2.5 0.42717
ND=0.9749 2

Figure 19 shows the fitness function value in following iterations.
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Figure 19. Fitness function value in function of iteration number.

3.2 Kriging based metamodel

Each variogram model - linear, power, Gaussian, spherical, and exponential - was evaluated five
times using different training and validation dataset splits. Hyperparameter tuning was
performed using the Optuna library in GridSampler mode, which produced the average
prediction quality (R?) for each configuration. The variogram model that achieved the best fit
(linear) was selected for the final metamodel, as shown in Figure 20.

Box plot for various variogram models
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Figure 20. HPO results with model of variogram for kriging.

Table 4 shows the results of the use of kriging in both LHS and QEA databases in different sizes
of the database.

Table 4. R?in several size of databases LHS and QEA databases.



Kriging z FF2 based on databases LHS

Database R2 Val Loss Train Loss

LHS Full No damage Full No damage Full No damage
LHS5000 0.782909 0.756464 0.214571 0.030546 0.334160 0.046494
LHS2500 0.754501 0.761495 0.234398 0.030487 0.355564 0.046969
LHS1250 0.760380 0.773227 0.241413 0.030536 0.348399 0.044433
LHS625 0.766255 0.538562 0.248900 0.045064 0.353607 0.061690
LHS312 0.734848 0.618931 0.258842 0.041498 0.374150 0.055653
LHS156 0.660231 0.228298 0.307563 0.057847 0.405318 0.072067

Kriging with FF2 based on databases QEA

Database R? Val Loss Train Loss

QEA Full No damage Full No damage Full No damage
QEA1687 | 0.773371 0.858205 0.202413 0.025761 0.323797 0.039368
QEA625 0.768539 0.816137 0.213611 0.033606 0.330643 0.045771
QEA312 0.737385 0.772807 0.242555 0.033486 0.357599 0.048491
QEA156 0.674119 0.656937 0.298575 0.041870 0.424546 0.061597

The QEA tasks relied exclusively on predictions from the Kriging metamodel. Four different
models were tested, each trained and evaluated on a distinct dataset. The same model was not
tested multiple times because previous experiments indicated that the results were highly
consistent. The results are presented in Table 5.

Table 5. Kriging prediction vs. FEM.

QEA FF2 —based on LHS5000
Model [R?] Result Individual FEM Result
F-0.7954
0.43023 2.6875,2.9375,2.5 0.42717
ND -0.8034
F-0.7795
0.428881 2.8125,2.9375,2.4375 0.42132
ND -0. 7269
F-0.7886
0.423571 2.625,2.9375,2.5 0.42642
ND -0.7942
F-0.7885
0.43848 2.8125,2.9375,2.4375 0.42132
ND-0.78
QEAFF2-basedon QEA1687
Model [R?] Result Individual FEM Result
F-0.7993
0.427507 2.6875,2.9375,2.5 0.42717
ND- 0.8657
F-0.8023
0.425319 2.6875,2.9375,2.5 0.42717
ND- 0.870




F-0.7857
0.422793 2.75,2.9375,2.5 0.43402
ND-0.8735
F-0.7957
0.420768 2.75,2.9375,2.5 0.43402
ND- 0.8643

On average, the Kriging method produced better results. However, the surrogate neural networks
(ANN) identified individuals with lower values of objective functions. In general, the

performance of both methods was similar.

3.3 Polynomial Regression based metamodel

Polynomial Regression tuning of hyperparameters showed tendency, that for largest

LHS5000 database, during degree increasing, in lower range of polynomial degree, the model
are not well fitted to data. Later it achieve maximum value of R?and R?on validation set, and with
higher degree model seems to be overfitted, and R?usually is below 0. Figure 21 shows the
distribution of the determination coefficient of the training set and the validation set. Model with

R2below zero was omitted in visualization.
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Figure 21. Polynomial Regression degree selection for LHS5000 database in Full Model.

The same situation happened for the “no damage” model that is shown in Figure 22.
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Figure 22. Polynomial Regression degree selection for LHS5000 database in no Damage
Model.

Table 6 shows the results of creating models for different databases. The behavior seems
to be quite similar to previous metamodel techniques.

Table 6. Polynomial Regression Results for different databases.

PNR with FF2 based on databases LHS
Database Rtraining R2?validation R%test

LHS Ful No damage Ful No damage Ful No damage

LHS5000 0.796782 0.790415 0.787567 0.791222 0.779578 0.789302
LHS2500 0.806827 0.802475 0.762755 0.831658 0.772246 0.831917
LHS1250 0.772573 0.75779 0.775060 0.761361 0.760191 0.775766
LHS625 0.735603 0.730839 0.723093 0.732130 0.725574 0.747068
LHS312 0.749152 0.629371 0.739849 0.581701 0.758322 0.532763
LHS156 0.760563 0.791089 0.776078 0.588699 0.792646 0.496165
PNR with FF2 based on databases QEA
Database R2 Val Loss Train Loss

QEA Ful No damage Ful No damage Ful No damage

QEA1687 | 0.778242 0.862380 0.799098 0.869001 0.742744 0.873709
QEA625 0.751164 0.845151 0.753742 0.809160 0.757736 0.829696
QEA312 0.769839 0.879970 0.777884 0.868079 0.731634 0.861894
QEA156 0.661729 0.906574 0.550962 0.881134 0.613979 0.931966

It is worth to notice, that degree of polynomial starts to be lower for smaller databases.
The creation of the PNR model does not take long time, so it was possible to use the cropped



Gridsearch technique to obtain the model with the best score. The selected degrees for every
database are shown in Table 7.

Table 7. PNR degree for the best models.

Database Polynomial Degree Database Polynomial Degree
LHS Full No damage QEA Full No damage

LHS5000 8 5 QEA1687 6 4
LHS2500 9 6 QEA625 3 3
LHS1250 6 3 QEA312 4 3

LHS 625 3 3 QEA156 2 3

LHS 312 3 2

LHS 156 3 2

After obtaining method for selection of PNR degree. QEA optimisation process was submitted
for checking results of optimisation basing only on prediction from metamodel. And results was

shown in Table 8.

Table 8. PNR prediction vs. FEM

PNR FF2 —based on LHS5000

ND- 0.87

Model [R?] Result Individual FEM Result
F-0.77
0.4466 2.5625,2.9375,2.625 0.4858
ND- 0.789
F-0.79
0.4377 2.6875,2.9375,2.5 0.427044
ND- 0.8
F-0.79
0.4282 2.6875,2.9375,2.5625 0.43345
ND- 0.8
F-0.78
0.4456 2.625,2.9375,2.5625 0.4306
ND- 0..81
PNR FF2 - based on QEA1687
Model [R?] Result Individual FEM Result
F-0.77
-0.36 1,1,2.9375 0.41940
ND- 0.84
F-0.76
0.4233 2.6875,2.9375,2.5625 0.43345
ND-0.88
F-0.78
0.4245 2.6875,2.9375,2.5625 0.43345
ND- 0.84
F-0.73
0.4191 2.625,2.9375,2.5625 0.4306




F-0.76
-11.375 2.9375,2.9375,1 325.659
ND- 0.86

Although several PNR predictions were close to the FEM results, the method showed
clear instability, including failed attempts and non-physical extrapolation errors. For that reason,
it is recommended to implement additional mechanism to summitting multiple trials with
selection of reliable results, or avoid PNR for different metamodel technique. It would be good
approach to develop this approach in future works.

3.4 Results of optimization with selected metamodel

The main purpose of this paper was to present the results of QEA optimisation supported
by metamodels. Considering the results obtained within the present evaluation setup, ANN was
selected as the most practical metamodel for the subsequent hybrid tests. Although Kriging and
PNR also produced competitive results in selected cases, the comparison was not based on a
fully uniform repetition protocol; therefore, these observations should be treated as indicative
rather than statistically conclusive. The HYBRID1 and HYBRID2 approaches were tested. The
minimum threshold for starting the HYBRID approach was set to 300 individuals, based on
earlier evaluations of prediction efficiency for smaller datasets. The results for the HYBRID1
approach are shown in Table 9. Four optimisation runs were performed. Only the first run started
with an empty database, whereas the subsequent runs were warm-started from progressively
enlarged databases containing previously computed FEM evaluations.

Table 9. Results of the HYBRID1 approach.

HYBRID 1 Full Task FF2
Attempt Result Individual Initial data quantity Calculation
Time
1 0.404056 2.84375 2.96875 2.53125 0 29h
2 0.404975 2.752.96875 2.4375 345 3h 30 min
3 0.404056 2.843752.96875 2.53125 360 3h 40 min
4 0.404056 2.843752.96875 2.53125 377 3h 15 min

This result appears to be quite efficient; however, some interesting phenomena occurred
throughout the entire optimisation attempt, as illustrated in Figure 23. In particular, fluctuations
in the results are clearly visible.
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Figure 23. Example optimisation history from one HYBRID1 run.

This behavior is likely caused by the fact that the same minimum fitness function value can
correspond to different function outputs for the same input vector. Additionally, the optimisation
algorithm explores regions of the design space based on directions suggested by the
metamodel. When a resultis identified as a global minimum, itindicates that the fitness function
value is the lowest observed across all evaluated solutions.
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Figure 24. Global minimum of 4th attempt of HYBRID1 approach.

The purpose of evaluating the HYBRID2 approach was to examine whether omitting certain
unnecessary calculations could lead to faster results and improve the consistency and stability
of the results. The results of these attempts are presented in Table 10.

Table 10. Results of the HYBRID 2 approach.

HYBRID 2 FF2 Full task
Attempt Result Individual Initial data quantity Calculation
Time
1 0.404975 2.752.96875 2.4375 0 25h
2 0.442153 2.6252.84375 2.34375 307 1h 5 min
3 0.404975 2.752.96875 2.4375 313 40 min
4 0.404975 2.752.96875 2.4375 316 1h 20 min

In the reported runs, HYBRID2 showed a steadier optimisation course. However, due to the
limited number of runs and the warm-started character of runs 2-4, this observation should be
treated as qualitative rather than statistically conclusive. The best-performing individual
identified in this approach was slightly inferior to that found using the HYBRID1 method.It should
also be noted that the best individuals repeatedly approached the upper bound of parameter
P2. In practical terms, this indicates that, within the present damage-oriented formulation and
within the assumed manufacturable thickness range, increasing this wall-thickness parameter
remained beneficial for impact resistance. Therefore, the obtained optimum should be
interpreted as a boundary-constrained result for the analysed housing concept, not as a general
mass-efficiency trade-off.



Objective Function (Min) and Parameter Values Progression

3.0
0.46 F2.9
_ 045 2.8
c
29 | [HRWEESET 0 iitieisieron e i el i iomsisue o i g e s oo i i i e e
=1 n
§ 0.44 F2.7 2
o
5 2
g 26 ¢
£0.43 e
g ©
s a
W F2.5
0.42
2.4
0.41 A
F2.3
0 20 40 Gb 80 100
Iteration
—&— FEM (Objective)
Final Objective = 0.4050
=== D1=2.7500
--- D2 =2.9688
-—- D3 =2.4375
ANN vs FEM (Best Individuals)
0.48
—e— FEM
ANN
0.47
0.46
o
=
©
= 0.45 -
c q
3]
=]
%)
=
2 0.44
[
=
=]
3
& 0.43
o
0.42 A
0.41 A
T
0 20 40 60 80 100

Iteration

Figure 25. Example of optimization process of HYBRID 2.

4.Conclusions

The presented hybridization of QEA with metamodels significantly reduces computational
costinthe task of multiple crash simulations of battery enclosures, while maintaining the quality
of design decisions. Compared to the baseline QEA+FEM (approximately 40 hours per single
run and ~150 hours for a full series), integrating metamodels shortens the time considerably.
Among the tested metamodels, ANN showed the most promising overall behavior within the
present study. Kriging provided comparable average prediction quality in several cases, whereas
PNR showed instability in selected runs. Because the evaluation protocol was not fully uniform



across all metamodels, these observations should be treated as indicative rather than as a
definitive statistical ranking.

The objective function design played a crucial role: variant FF2, through logarithmic
transformation of the volume-related term for removed elements, reduced the range of values
and alleviated the issue of discreteness near the “damage/no-damage” threshold. This resulted
in higher R? on smaller datasets and justified its use under iterative data enrichment. The use of
two ANN models (“full” and “no-damage”), with switching based on a damage threshold,
improved fitting in the relevant design region and stabilized learning—particularly beneficial in
the transition zone.

The comparison of hybrid strategies indicates a trade-off between objective value and
runtime. In the reported runs, HYBRID1 yielded the lowest objective values, whereas HYBRID2
shortened runtime and showed a steadier optimisation course. Due to the limited number of
runs and the warm-started setup, these differences should be interpreted as indicative for the
analyzed workflow rather than as statistically conclusive superiority of one stochastic variant
over the other.HYBRID1, which enforced FEM verification of the best individual in each phase B
iteration and frequent retraining of the network, delivered the best outcomes (objective values
~0.404-0.405 across four runs), although with some performance fluctuations. lts runtime
dropped from ~29 hours for an initial empty run to ~3-4 hours for restarts using a pre-collected
base of 345-377 individuals. HYBRIDZ2, with fewer mandatory FEM recalculations and less
frequent retraining, offered a more stable performance and reduced runtime to ~40-80 minutes
when resumed from a base of 307-316 individuals, albeit with a slightly weaker best individual
(e.g., 0.404975 vs 0.404056). The minimum threshold to activate hybrid mode was
pragmatically set at 2300 individuals, based on observed prediction reliability on smaller sets.
Since the optimizer-level comparison in this study is limited to QEA+FEM and QEA-based hybrid
variants, the following conclusions are restricted to the QEA framework.

Within the tested QEA-based framework and for the analyzed battery-housing problem, the
combination of QEA, ANN with two networks (‘full/no-damage’), and the FF2 objective function
was the most useful of the tested variants. These conclusions refer to the present workflow and
test case, and should not be interpreted as a general ranking of surrogate-assisted stochastic
optimisation methods. Further improvements may involve incorporating uncertainty estimation
and active sampling, formalizing the switching criteria between “full” and “no-damage,”
extending validation with rank-based metrics and absolute errors, and either enhancing the
robustness of PNR or replacing it with an ANN/Kriging combination in production scenarios. In
summary, for the studied optimization problem, hybridizing the existing QEA workflow with ANN
significantly reduces FEM computational cost while maintaining decision quality and
repeatability at a practically useful level.

It should be emphasized that the conclusions drawn in this study are based on a single,
representative engineering problem. While the obtained results demonstrate the effectiveness
of the proposed hybrid optimisation framework, further validation on different types of



structures, loading conditions, and design spaces is required to fully assess its general
applicability.
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